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which patients with multiple myeloma will
benefit from daratumumab-containing
treatment regimens. Gomez-Martin et al.
demonstrate that a machine learning
strategy applied to small RNA
sequencing data from plasma
extracellular vesicle fractions can
generate biologically motivated isomiR
signatures that predict treatment
response.
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SUMMARY

Multiple myeloma (MM) is a plasma cell neoplasm characterized by high inter- and intra-patient clonal
heterogeneity, leading to high variability in therapeutic responses. Minimally invasive biomarkers that
predict response may help personalize treatment decisions. IsoSeek, a single-nucleotide resolution small
RNA sequencing method can profile thousands of microRNAs (miRNAs) and their variants (isomiRs) from
patient plasma-purified extracellular vesicles (EVs). Machine learning-generated miRNA/isomiR classi-
fiers accurately predict therapeutic response in relapsed/refractory MM (RRMM) patients receiving dar-
atumumab-containing regimens, achieving an area-under-the-curve of 0.98 (95% confidence interval
[CI]:0.94-1.00). A classifier signature with the plasma cell-selective miR-148-3p, predicts durable
response (>6 months), progression-free (hazard ratio [HR]: 33.09, 95% CI: 4.2-262, p < 0.001), and overall
survival (HR: 3.81, 95% CI: 1.05-13.99, p < 0.05). Targetome analysis connects the prognostic classifier to
established MM drug targets BCL2 and MYC suggesting biological relevance. Thus, EV-isomiR
sequencing in MM patients offers a tumor-naive alternative to an invasive bone-marrow biopsy for pre-
dicting treatment outcome.

INTRODUCTION to certain therapies or early relapsing.'* The shift from an incur-

able to a chronic disease will largely depend on improving

Multiple myeloma (MM) is characterized by the uncontrolled
proliferation of clonal plasma cells in the bone marrow (BM).
The advent of immunomodulatory drugs (e.g., lenalidomide
and thalidomide), proteasome inhibitors (bortezomib), and
more recently, monoclonal antibodies (daratumumab), has
improved survival." While first-line treatments yield good re-
sponses, most patients eventually relapse. Despite improved
response rates with follow up treatment regimens, individual
variability persists, with some patients being primary refractory

biomarker strategies that accurately monitor therapeutic
response and ideally predict favorable outcomes for the indi-
vidual patients.

The current gold standard for monitoring response to ther-
apy includes measuring M-protein and free light chains in
blood and/or urine,’ along with BM examination to confirm
complete response or detect minimal residual disease
(MRD). Achieving MRD negativity in the BM is associated
with superior progression-free survival (PFS) and overall
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survival (OS) compared to MRD-positive results.> However,
BM MRD evaluation with next generation flow or next genera-
tion sequencing (NGS), is invasive and burdensome, limiting
its sequential use, and may produce false-negative results
due to multifocal disease, presence of extramedullary disease
and/or poor quality of BM aspirates and biopsies.® Notably,
sustained MRD negativity measured by NGS over time has
shown superior prognostic value over a single time point
MRD-negative result.” Therefore, there is an urgent need for
easy interpretable, minimally invasive biomarkers that better
predict which individual patient is responding or likely to
respond to therapy.® Minimally invasive methods, including
blood-based (targeted) mass spectrometry,® circulating tumor
DNA (ctDNA),” circulating plasma cells® and cell-free micro-
RNAs (miRNAs)° are under investigation for prognostic and
predictive potential, as dynamic M-protein or free light chain
measurements fall short in predicting outcome.

Beyond driver mutations, non-coding RNAs, particularly
miRNAs, play a significant role in the transformation and drug
resistance of malignant plasma cells.'®'" miRNAs are prom-
ising cancer biomarker targets for liquid biopsy methods, as
they are released by both living and dying malignant and stro-
mal cells. A dynamic mixture of these cell-free miRNAs is stabi-
lized in, and can be extracted from extracellular vesicles (EVs),
secreted by metabolically active tumor cells.'? The discovery of
circulating miRNAs as cancer biomarkers involves sequencing
either tumor-tissues biopsies or plasma, followed by quantita-
tive reverse-transcription PCR (RT-qPCR) for detection.’""®
Since individual miRNAs often lack tissue and cell-specificity,
profiling methods are used to build multi-miRNA signatures,
enhancing the accuracy for both disease detection' and
response to therapy prediction.'®

Measuring miRNAs bound to plasma EVs (pEVs) helps to
reduce biological noise'® and has shown prognostic value in
newly diagnosed patients with MM.® miRNA profiling is typically
performed using standard sequencing protocols, which are
prone to ligation and amplification bias during library prepara-
tion."”~' Unfortunately, the lack of single-nucleotide resolution
of standard sequencing and RT-gPCR precludes accurate iden-
tification and quantification of functional miRNA variants (iso-
miRs) and gene-targets.?° In this study, we profiled pEV-bound
isomiRs (pEV isomiRs) at single-nucleotide resolution using an
in-house developed small RNA sequencing protocol, “IsoSeek,”
optimized for low-input liquid biopsy sources.'”'® Upon exten-
sive normalization and correction procedures,”’ we generated
and validated pEV-isomiR signatures using machine learning to
detect active MM, monitor treatment response, and predict du-
rable response. Our method requires only 1 mL of blood plasma,
is scalable to a standard diagnostic MiSeq lllumina platform, and
offers some flexibility in pre-analytical conditions thereby simpli-
fying implementation in clinical practice.

RESULTS
Immune-cell-derived small EVs are present in the
circulation of patients with MM

pEVs may hold hundreds of miRNAs, yet non-standardized
isolation and detection methods are prone to technical biases,
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hampering robust detection, validation, and clinical imple-
mentation."®?? To overcome these challenges, we developed
and validated a standardized workflow to isolate pEVs from
both patients with MM and healthy controls (Figure 1A;
Table 1).

The EV-RNA analysis workflow (Figure 1B) integrates auto-
mated size-exclusion chromatography (SEC) for EV isolation
with an optimized EV-RNA extraction protocol'>'%?? and EV-
miRNA sequencing,'® ensuring reliable miRNA detection while
minimizing technical variability.

To evaluate its accuracy, we analyzed pEV samples from
three patients with active disease (both pre- and on-treatment),
three samples from patients that responded to their treatment
(partial response [PR] or better) according to International
Myeloma Working Group (IMWG)-response criteria (see STAR
Methods for more details) and three healthy controls. EVs
were isolated from 1mL EDTA plasma by standardized SEC us-
ing qEV'™ columns, and tunable resistive pulse sensing mea-
surements revealed mean particle concentrations ranged
from 2.5E10 particles/mL in patients with active disease,
3.6E10 particles/mL in samples of patients with response
to treatment, and 5.8E10 particles/mL in healthy donors
(Figures 1C and S1A). Adhering to the most recent MISEV (min-
imal information for studies of extracellular vesicles) guide-
lines,?® western blotting showed typical EV-enriched protein
markers CD63, CD81, flotillin 1, and syntenin, while the ER-
associated protein calnexin could not be detected in EV en-
riched fractions (Figure S1B). Electron microscopy revealed a
mixed population of predominantly small EVs alongside a
smaller population of larger EVs (Figure S1C).

To examine the cellular origin of circulating EVs in our patient
samples, we isolated and sequenced total RNA from EVs of pa-
tients with active disease and from patients with a confirmed
response to treatment. We then conducted transcriptome align-
ment followed by deconvolution using CIBERSORT and the
LM22 single-cell sequence reference dataset,®* which com-
prises 22 immune cell types. This analysis revealed a diverse
array of potentially immune-cell-derived RNAs within the bulk
EV population. However, quantitative differences between active
and responsive disease states could not be determined with this
method (Figure 1D).

Having established that the level of circulating EVs in MM pa-
tients itself does not appear to be associated with response sta-
tus, we next assessed the biomarker potential of pEV-isomiRs.
To this end, we used our recently developed IsoSeek small
RNA sequencing method, optimized for limited input mate-
rial."””'° To validate IsoSeek’s robustness in profiling pEV iso-
miRs, we compared its performance to the standard NEBNext
protocol (see detailed comparison in STAR Methods). IsoSeek
demonstrated superior accuracy in pEV isomiR detection, as
evidenced by higher proportion of the miRNA class mapped
reads relative to other RNA species (Figure S2J). Additionally,
the single-nucleotide resolution offered by IsoSeek allowed for
isomiR accurate profiling, increasing the number of features
from approximately 400 miRNAs (classical miRNA annotation)
to 15,000 isomiRs in each plasma EV sample, with around
1,000 of these having more than 10 read counts per million
(Figures S2A and S2B). Overall, the results underscore Isoseek’s
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Figure 1. Schematic workflow overview and
MM pEV characterization
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(D) Deconvolution (CIBERSORTX) of mRNA
sequencing data from EVs from 5 patients with
active MM and 5 patients responding to treatment,
using LM22 single-cell sequencing dataset as
reference. No clear difference can be observed
between the two groups, and almost all immune
cell types are represented in both.

(E) Schematic overview of the model building
procedure using a cross-validated approach and
validation in never-seen datasets. Figure was
partially created with BioRender.com.
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receiving either nivolumab-daratumumab
(NIVO-DARA) or daratumumab-all trans
retinoic acid (DARA-ATRA) combination
treatment could not be distinctly sepa-
rated (Figure S3B).

To develop a robust miRNA-based
classifier that differentiate patients with
active MM from healthy controls, we
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enhanced accuracy for obtaining plasma EV miRNA/isomiR pro-
files for biomarker purposes.

A pEV-miRNA classifier signature differentiates MM
patients with active disease from age-/gender-matched
healthy individuals

To investigate the diagnostic potential of pEV-associated miR-
NAs and isomiRs in MM, we performed IsoSeek miRNA profiling
on a total of 40 samples (see Table S1). The cohort included 34
MM patients with progressive disease (PD) after 1 or more prior
treatment lines, alongside 44 age- and gender-matched healthy
controls.

Principal-component analysis (PCA) revealed no clear clus-
tering of samples from patients with active disease and samples
from healthy donors, suggesting that the relative abundance of a
single miRNA does not distinguish the two subgroups
(Figure S3A). Similarly, relapsed/refractory MM (RRMM) patients

1- Specificity

randomly split the 84 samples into a
training set (n = 51, 2/3 of total) and a vali-
dation set (n =51, 1/3 of total). We applied
cross-validated LASSO regression on the
training set to minimize feature selection
bias and avoid overfitting (see Figure 1E

for schematic overview of the model

building process). These steps are critical

when using machine learning on data
where the number of features i.e., miRNAs and isomiRs, exceed
the sample (cohort) size.'*?°

We evaluated two different miRNA annotations as feature
input: (1) a “classic miRNA annotation,” where all reads of a
given miRNA including its and derivate sequences are aggre-
gated, regardless of any known biological significance of those
derivates and (2) a functional “isomiR annotation,” where func-
tionally verified canonical miRNAs and non-templated additions
(NTA) NTA-A and NTA-U are considered as independent fea-
tures (see STAR Methods for details).

Using classic miRNA annotation, we identified an optimal
22-miRNA model with the lowest misclassification error in
the training set (area under the curve [AUC] = 1.0). This
model achieved a highly discriminatory performance with an
AUC of 0.98 (95% ClI: 0.94-1.00) in the independent validation
set (n = 33), with only three misclassifications (Figure 2B,
blue line). Using isomiRs as input features, a larger model

Cell Reports Medicine 6, 102358, October 21, 2025 3
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Table 1. Characteristics of patients with MM and healthy individuals

MM patients overview 49 patients
Gender 4 male
25 female

Age median: 62 years

range: 34-87 years

Treatment line median: 3

range: 0-11

Treatment regimen (treatment at time of sample collection)

RRMM daratumumab trial patients 30 patients
NIVO-DARA +/— low-dose cyclophosphamide 15 patients
DARA-ATRA 15 patients

Biobank (Biolymph VUmc/AMC) 19 patients (17/2)
NDMM 9 patients

VTd followed by HDM/ASCT 3
VCd followed by HDM/ASCT 2
Lenalidomide maintenance after HDM/ASCT 2
KTd followed by HDM/ASCT (CarthaDex trial) 1
KRd followed by HDM/ASCT (Hovon5083 trial, arm B) 1
RRMM 10 patients
Daratumumab (+/— lenalidomide/dexamethasone) 4
Standard of care CARTITUDE-4 trial 1
TRIMM-2 trial 1
VCd followed by DLI 1
PCd 1
EPd 1
Dvd 1

Monoclonal protein

19G kappa 28

1gG lambda

IgA kappa 2

IgA lambda, non/oligo-secretor 3

IgM kappa 1

FLC kappa 10

FLC lambda 1

High-risk cytogenetic abnormality

High risk 19

Standard risk 10

Unknown 20

Healthy donors N =48

Gender 24 male

24 female
Age median: 64 years

range: 45-78 years

HDM, high-dose melphalan; ASCT, autologous stem cell transplantation; NIVO, nivolumab; DARA, daratumumab; ATRA, all trans retinoic acid; VTd,
bortezomib-thalidomide-dexamethasone; VCd, bortezomib-cyclophosphamide-dexamethasone; KTd, carfilzomib-thalidomide-dexamethasone;
KRd, carfilzomib-lenalidomide-dexamethasone; standard of care CARTITUDE-4, Arm, either bortezomib or daratumumab, with pomalidomide and
dexamethasone; TRIMM-2 trial, talquetamab-daratumumab-pomalidomide; DLI, donor lymphocyte infusion; PCd, pomalidomide-cyclophospha-
mide-dexamethasone, EPd, elotuzumab-pomalidomide-dexamethasone; DVd, daratumumab-bortezomib-dexamethasone. Based on the criteria
proposed by Sonneveld et al. Blood 2016, high risk cytogenetics is defined by the presence of t(4;14), t(14;16), t(14;20), del(17/17p), and/or gain(1q).
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with 39 isomiRs was selected based on minimal classification
error optimization (AUC = 1.0 in training set), which also
achieved a highly discriminatory AUC of 0.95 (95% CI: 0.86-
1.00) in the validation set (Figure 2C, blue line) but with two
more misclassifications compared to the classic miRNA
annotation.

To further evaluate the robustness of the ML-generated clas-
sification models, we analyzed external pEV-miRNA sequencing
data generated by Manier et al. using the NEBNext protocol on
baseline samples from 10 newly diagnosed multiple myeloma
(NDMM) patients and 5 healthy controls.® Despite considerable
pre-analytical (plasma processing and pEV isolation procedure)
and analytical differences, our 22 classical miRNA classifier
accurately distinguished healthy individuals from patients with
active disease (Figure 2B, yellow line) achieving an AUC of
0.98 (95% ClI: 0.93-1.00), misclassifying only 2 out of 15 patient
samples. In contrast, the isomiR model failed validation in this

1

2
-log1o(p-value)

external patient cohort (AUC: 0.52; 95% Cl: 0.16-0.87)
(Figure 2C, yellow line). This was not unexpected due to differ-
ences in the single-nucleotide resolution and, therefore, relative
isomiR quantification when using different protocols for training
and validation."” Interestingly, when we applied both the miRNA
and isomiR models to a disease control cohort of samples from
10 patients with metabolically active (FDG-PET positive) Hodg-
kin lymphoma (HL) and age-/gender-matched healthy controls
(n = 9) under identical pre-analytical and analytical conditions,
virtually all samples were misclassified (Figures S3C and S3D),
indicating disease specificity of the EV-isomiR classifier for MM.

To explore the potential biological relevance of the models
trained to detect active MM, we conducted a targetome analysis
on the classifier signature. Figure 2D illustrates the most targeted
mRNAs by the EV-miRNAs in the best performing diagnostic
model (see the complete network in Figure S3E), which included
MYC and BCL2, established druggable MM targets.® Thus, bulk
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pEVs from MM patients with active disease may contain a
“tumor-derived signal” that originates, at least partly, from clon-
ally expanding plasma cells. To test this hypothesis, we per-
formed EV-mRNA sequencing on pEVs from 5 patients with
active disease and 5 healthy controls. Gene set enrichment anal-
ysis (GSEA) revealed a significant enrichment for plasma cells
and B cell ontology in active MM samples (Figure 2E, bottom).
This unbiased approach was further supported by differential
expression (DE) (in this case transcript abundance in pEVs) anal-
ysis, which identified several plasma cell specific transcripts as
enriched in the total pEV pool isolated from patients with active
disease (Figure 2E, top).

Collectively, these findings suggest that pEVs from MM pa-
tients with active disease contain miRNAs, isomiRs, and mRNAs
originating from malignant plasma cells and tumor-associated
stroma in the BM that may be leveraged for liquid biopsy in
MM patients.

EV-isomiRs as biomarkers for monitoring disease
activity in patients with MM

Currently, MM diagnosis relies on invasive bone-marrow bi-
opsies, while treatment response is monitored through
M-protein or free light chain levels in biofluids. Although sensi-
tive, these markers provide limited insight into tumor evolution
and lack substantial prognostic value. To investigate whether
pEV-miRNAs could be used as a dynamic monitoring tool, we
applied IsoSeek to 70 plasma samples from 24 RRMM patients
enrolled in two different clinical trials that employed daratumu-
mab-containing combination therapy (see Table S2 for details).

We randomized the 70 samples (35 from patients with active
disease and 35 from patients who had achieved a PR or better
per IMWG criteria at time of collection) into a training set
(n = 42) and a validation set (n = 28). PCA analysis of the total
set revealed no clear separation between samples from patients
with response or active disease (Figure S4A), and also no sepa-
ration based on type of daratumumab-based treatment regimen
(Figure S4B). Using our cross-validated LASSO regression
model strategy (Figure 1E), we developed two models: one using
the classic miRNA annotation and another using isomiR classifi-
cation. The classic miRNA model, consists of only 3 miRNAs and
yielded a very promising performance for response assessment,
achieving an AUC of 0.92 in the independent validation samples
from RRMM patients (95% CI: 0.80-1.00) (Figure 3B, blue line).
The isomiR model (Figure 3C, blue line), which included 12 iso-
miRs (6 canonical miRNAs, 3 NTA-U, and 3 NTA-A isomiRs),
achieved a slightly higher AUC of 0.93 (95% CI: 0.81-1.000) in
the validation set, misclassifying two samples as “response”
while M-protein dynamics indicated active disease.

To investigate the isomiR model’s specificity to assess
response beyond trials evaluating daratumumab-based regi-
mens, we prospectively collected samples from 13 RRMM pa-
tients and 4 NDMM patients treated with standard of care (SOC)
regimens or within a different clinical trial (Table S2). Despite differ-
ences in treatment, most samples were correctly classified, and
the isomiR model outperformed the classic miRNA model (AUC:
0.77; 95% CI: 0.52-1.00 for the classical model) with an AUC of
0.98 (95% Cl: 0.94-1.00) in this independent validation set
(Figure 3C, yellow line). Although two “response” samples were
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misclassified, all 5 patients receiving daratumumab-containing
regimens outside the clinical trials were correctly classified.

To gain more biological insights into the isomiR classifier, we
conducted a targetome analysis of all isomiRs in the model, iden-
tifying as targets TLR4 and CDKG6 that may be clinically relevant
(Figure 3D; Figures S4E and S4F).?%?” Additionally, we wished to
assess whether implementing our sequencing-based approach
may be translatable to diagnostic methods more commonly
used in clinical practice. We re-sequenced 10 samples (5 from
patients with active disease and 5 from patients undergoing
response to treatment [PR or better]) using the MiSeq lllumina
sequencing platform. Both the classical (Figure S4C) and isomiR
models (Figure S4D) correctly classified most samples, with a
few misclassifications aligning with those samples near the
threshold obtained on the Novaseq platform.

Finally, we sought to validate the robustness of the response
model in serial samples from 9 RRMM patients undergoing dar-
atumumab-containing treatment, comparing the response sta-
tus as predicted by the pEV-isomiR model (from Figure 3C) to
the gold standard for response assessment M-protein metric
(Figure 4; Figure S5). The pEV-isomiR response model closely
mirrored M-protein-based response dynamics during treatment,
with only a few misclassifications (Figures 5A and 5D). Interest-
ingly, however, the pEV-isomiR model misclassified two patients
as having a “response” (indicated by arrows), whereas
M-protein levels indicated “active disease.” Yet, longitudinal
follow-up revealed that both patients eventually achieved a par-
tial or better response several months later, suggesting that, in
some cases, pEV isomiRs may be able to not only monitor but
also predict response.

Overall, these findings highlight pEVs as a biologically rele-
vant, minimally invasive source of isomiRs that have biomarker
potential as response assessment tool for RRMM patients.

Plasma EV-isomiRs are prognostic biomarkers for
survival in multiple myeloma
To explore the prognostic potential of pEV-isomiRs in predicting
durable responses for individual patients, we analyzed pre-treat-
ment samples from 34 MM patients with active disease that were
to receive a daratumumab-containing regimen. We adhered to a
six-months threshold based on prior studies aimed at predicting
durable response in MM patients.* For the training set, we
included samples from 19 RRMM patients who failed at least
two prior treatment lines (see Table 2). Among these patients,
8 achieved a durable response (PR or better for more than six
months) to daratumumab, while 11 were refractory or experi-
enced an early relapse (Figure 5A). The validation set comprised
samples from 10 RRMM patients before receiving daratumu-
mab-containing regimens and 5 NDMM of which 4 received
SOC (VRD or VTd induction/Vid followed by autologous stem
cell transplantation and lenalidomide maintenance). Of the 15
patients in the validation set, 7 exhibited poor responses to treat-
ment (i.e., PD within 6 months of treatment, all RRMM patients)
and 8 had durable response (3 RRMM and 5 NDMM patients,
see Table 2).

An isomiR model (containing 12 isomiRs) achieved a prom-
ising AUC of 0.84 in the validation set (95% CI: 0.63-1.00,
Figure 5B, left), misclassifying only three patients: two NDMM
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Figure 3. pEV-IsomiRs for on-treatment
response assessment in patients with mul-
tiple myeloma
(A) Schematic overview of the cohorts used for
model building (cohort 1), model validation (cohort
1), and prospective validation (cohort 2), including
sample sizes.
- (B) ROC curves of the classic miRNA response
assessment model. In blue, ROC curve of the
validation set, and in yellow, ROC curve of the
prospective validation set. AUC and confidence
intervals are shown in the table. The model vali-
dates with a good AUC in the retrospective data
(AUC: 0.89) and worse in the prospective dataset
(AUC: 0.77). Below are the confusion matrix of the
two validations sets (retrospective on the left,
prospective on the right), for the classic miRNA
model.
(C) ROC curves of the isomiR response assess-
ment model. In blue, ROC curve of the retro-
spective validation set, and in yellow, ROC curve
of the prospective validation set. AUC and confi-
dence intervals are shown in the table. The model
achieves a high AUC in both sets (AUC: 0.90 in the
retrospective and AUC: 0.98 in the prospective).
0 Below are the confusion matrix of the two valida-
tions sets (retrospective on the left, prospective on
the right), for the isomiR model.
(D) Reduced network of the miRNA-gene-targets
in the isomiR response assessment model.
(E) Top: visualization of the RPM levels of three of
the top differentially expressed mRNAs (MZB1,
JCHAIN, and SDC1) in MM patients with active
disease, compared to patients with MM re-
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patients who received SOC and only one RRMM patient who
received daratumumab. This yielded a positive predictive value
(PPV) of 75% and a negative predictive value (NPV) of 86%
(Figure 5B, right). The classic miRNA model did not achieve a
good performance (Figure S6D), highlighting the importance of
the isomiR profiling.

Interestingly, the isomiR-gene-target network included BCL2
and MYC as targets (Figure 5C, left), in agreement with the active
MM model network in Figure 2D. Kaplan-Meier analysis of PFS,
including all RRMM patients from the train and validation set (n =
29) achieved a hazard ratio (HR) of 33.1 (95% CI: 4.2-262,
p < 0.005). Despite the limited number of patients and follow-
up period, the durability of response classifier signature was
also predictive for OS yielding an HR: 3.8 (95% CI: 1.05-13.99,
p < 0.05). Kaplan-Meier analysis of PFS of the full cohort
including NDMM achieved an HR of 9.04 (Figure S6A) and an
HR of 3.61 for OS (Figure S6B).

3 3 3 H enrichment.

-logso(p-value)

Among the miRNAs in the model, canonical mir-148-P1-3p ex-
hibited a set of biologically relevant targets, including the already
mentioned BCL2 and MYC. To explore its tissue specificity, we
assessed its abundance across all annotated tissue and cell
sorted samples in IsomiRDB (n = 1692)°® as well as all “plasma
cell” samples from miSRA profiler.?° Results indicated that
miR-148-P1-3p expression is highly specific to plasma cells
compared to other cell types and tissues.

Comparison of baseline M-protein levels with the isomiR-
based prediction model (Figure S6C) highlights the superior pre-
dictive value of the model, as further supported by Kaplan-Meier
analysis of progression-free and OS (Figures S6E and S6F).

These findings suggest that, if verified in large(r) cohorts with
longer follow-up, an EV-isomiR test could support clinicians in
selecting RRMM patients most likely to benefit from specific
(daratumumab-containing) treatments, while potentially sparing
others from ineffective interventions.

Cell Reports Medicine 6, 102358, October 21, 2025 7
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Figure 4. pEV-lsomiRs allow response

monitoring in individual MM patients over
time

(A-D) pEV-isomiR model predictions over time
(blue lines, each blue dot represents a measure-
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ment) compared to M-protein levels (red lines,
each red dot represents a measurement) for four
individual MM patients, showing that the model
closely tracks the M-protein metric, demon-
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DISCUSSION

Despite an advancing treatment landscape, MM remains an
incurable disease, with initial remissions often followed by multi-
ple relapses.’ Resistance is driven by a significant degree of
genomic heterogeneity and the protective BM microenviron-
ment. To minimize toxicity and improve outcomes in patients
with MM, there is a critical need for easily accessible biomarkers
that can not only report, but ideally predict, which patients are
likely to benefit from treatment.®6-%°

In this study, we applied a scalable protocol for EVs isolation
from 1 mL of plasma samples collected from RRMM patients
receiving immunotherapy. Using IsoSeek, a high-resolution
small RNA sequencing method, we generated machine
learning-based response and outcome prediction models based
on biologically motivated isomiR signatures.

Multiple immune defects contribute to disease progression
and immunotherapy failure.” EVs released by the bone-marrow
tumor microenvironment (TME) and malignant plasma cells
may capture key unique features of MM pathology.®'** The
MM TME is highly relevant for predicting outcomes to immuno-
modulatory drugs.® Upon secretion by living cells, EVs are
short-lived while they protect their RNA content from degrada-
tion, thus representing a dynamic source of minimally invasive
biomarkers.'>>° Moreover, EV-miRNA biomarkers are more sta-
ble than free circulating miRNAs or ctDNA due to the protective
vesicular structure of EVs, and they carry a rich array of mole-
cules, enabling a more comprehensive analysis as compared
to targeted methods such as blood-based mass spectrometry.

We found that a significant proportion of EVs in the circulation
of MM patients with active disease are of immune cell origin
(Figure 2D), and although their exact origin cannot be deter-
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-~ Relative M Protein

T
10 15 20 in circulation, further validated by unbi-
Months ased, gene set enrichment analysis
&= ModelValue (GSEA) (Figures 3F and 4F). These finding
suggests that a proportion of circulating
EVs in MM patients likely originates
from malignant plasma cells in the BM, which is in agreement
with recent EV transcriptomics observations in prostate cancer
patients with bone metastasis.*®
Previous studies have shown that individual EV-bound miR-
NAs, measured by RT-qPCR, have prognostic value for NDMM
patients treated with bortezomib/dexamethasone, high-dose
melphalan and autologous stem-cell transplantation.® In this
study, we focused on the diagnostic potential of EV-bound iso-
miRs in RRMM patients receiving daratumumab-containing reg-
imens. Using cross-validated, logistic regression and penaliza-
tion/shrinkage of the parameters (LASSO), we built robust
classifiers, a method that has shown strength in validation of
miRNA signatures from “noisy” data and smaller sized patient
cohorts,' thus enhancing prediction accuracy and interpret-
ability of the statistical models. IsomiR signatures showed high
accuracy in “never seen” data (i.e., samples not part of the
training set), as compared to models with classic miRNA annota-
tion. Notably, classic miRNA annotation correctly classified the
patient samples used in the Manier study.® It was reassuring to
observe that let-7b-5p, which was prognostic for NDMM pa-
tients in the Manier study, was also part of our LASSO-based
signature. The combination of functional isomiRs in our models
achieved high accuracy for response prediction, PFS and to a
lesser extent OS, which may be related to the limited follow
up. Interestingly, serial analysis suggested that EV-isomiR
models may predict future response status better than
M-protein levels, possibly because of the extended half-life of
M-proteins of the IgG subtype compared to circulating EVs.*’
Although establishing a direct link between EV-miRNAs and
MM tumor niches in the BM is not possible, isomiRs in our clas-
sification signatures (Figure 3E) target MYC or BCL2 oncogenes
driving myelomagenesis.” While not established, a recent
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Figure 5. Pre-treatment pEV-isomiR model

----------- « forecast durable response, PFS and OS

(A) Schematic overview of the patient group gen-
eration (left) and the cohorts used for model
building (cohort 1) and model validation (cohort 2),
including sample sizes.

(B) (Left) ROC curve of the isomiR durable
response prediction model. The model achieved a
high AUC of 0.84 in the validation set. (Right)
Confusion matrix of the validation set for the iso-
miR model and sensitivity, specificity, PPV, and
NPV of the model.

(C) (Left) Reduced network of the miRNA-gene-
targets in the isomiR durable response model.
(Right) Expression of Has-Mir-148-P1-3p over
different cell types, including plasma cells. All
samples with a tissue/cell type annotation in
IsomiRDB were included, and number of samples
in each category is summarized below each violin
plot (n). Asterisks (*) denote statistically significant
differences: **** p < 0.0001. as determined by
t test.

(D) Progression-free survival (PFS) of the RRMM
patients (n = 29). The survival curve was computed
using the Kaplan-Meier method. The hazard ratio
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(E) Overall survival (OS) analysis of the RRMM
patients (n = 29). The survival curve was computed
using the Kaplan-Meier method. The HR calcu-
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CRISPR screen suggests that indirect targeting of MYC in MM
has promise that may overcome drug resistance.>*** In addi-
tion, plasma cell mMRNA enrichment (Figures 3F and 4F) was
determined in MM patients with active disease. Several miRNAs
in our signatures are of particular biological interest, such as
miR-221, an oncomiR implicated in in vitro drug resistance to
dexamethasone and melphalan and miR-324-5p, located on
chromosome 17p, which is often deleted in MM and suppresses
proliferation and enhances bortezomib sensitivity in MM
cells.”>*" The “durable response” classification signature is
centered around miR-148-3p (Figure 5D), which has an estab-
lished role in plasma cell biology**“® (Figure 5D) and appears
linked with an active disease status (Figure 3E). While some miR-
NAs cannot be directly linked to malignant plasma cells, this is
consistent with the observation that multiple immunological
traits during immunotherapy determine outcome.®
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% % certainty on their origin, the miRNA model

that distinguishes active MM patients
(based on M-protein) from healthy controls
appears to have some degree of disease
specificity as this model does not classify
samples from HL patients. One explana-
tion is that the TME surrounding the proliferating malignant B cells
(i.e., BM stroma in MM versus lymph nodes in HL) is different and
influences the EV-miRNA signature.

Our study also assessed the prognostic value of EV-miRNAs
for RRMM patients. The results showed that modeling functional
isomiRs yielded a classifier signature with a high negative pre-
dictive value (NPV = 86%; Figure 5B, right). A validated pEV-iso-
miR blood test could thus help identify RRMM patients that are
unlikely to respond to daratumumab therapy, directing them to-
ward novel T cell immunotherapy solutions, such as bispecific
antibodies or CAR T cell therapy (chimeric antigen receptor T
cell therapy).
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Limitations of the study
This translational study was performed with relatively small co-
horts from trial- and real-world patients. We aimed to overcome
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Table 2. Response status of the training and validation set for durable response, >6 months, prediction model in RRMM and NDMM
patients from Figure 5

Training cohort Validation cohort
Non-durable response  Durable response Non-durable response  Durable response
Patients with MM included in durable 11 patients 8 patients 7 patients 8 patients
response prediction model (Figure 5) 11 samples 8 samples 7 samples 8 samples
Gender 6 male 3 male 4 male 3 male
5 female 5 female 3 female 5 female
Age median: 66 years median: 62 years median: 62 years median: 58 years
range: 47-80 years range: 54-87 years range: 54-71 years range: 45-77 years
Treatment line median: 5 median: 4 median: 3 median: 0
range: 2-11 range: 3-8 range: 2-5 range: 0-5
Progression free survival (PFS) (in months) median: 4.3 median: 24.2 median: 2.6 median: 32.2
range: 0.9-19.3 range: 7.9-78.5 range: 0.9-10.3 range: 1.4-70.5
Overall survival (OS) median: 27.5 median: 62 median: 12.5 median: 59.4
(in months) range: 2.4-67 range: 8.6-71.2 range: 1.3-50.8 range: 1.4-112
Treatment regimen at time of sample collection
RRMM daratumumab trial patients
NIVO-DARA +/— low-dose 3 5 5 1
cyclophosphamide
DARA-ATRA 8 2 2 2
Biobank (Biolymph VUmc/AMC)
NDMM
VTd followed by HDM/ASCT 0 0 0 3
VCd followed by HDM/ASCT 0 0 0 1
KTd followed by HDM/ASCT 0 0 0 1
(CarthaDex trial)
RRMM
Daratumumab (+/— lenalidomide/ 0 1 0 0
dexamethasone)
Monoclonal protein
IgG kappa 7 4 ) 6
IgG lambda 2 1 1 0
IgA kappa 1 0 0 0
IgA lamda, non/oligo-secretor 0 0 1 0
FLC kappa 0 0 0 1
FLC lambda 1 3 0 1
High-risk cytogenetic abnormality
High risk 6 4 4
Standard risk 2 2 0 5
Unknown 3 2 3 1
Distribution of the samples per analysis group
Non-durable response group 11 - 7 -
NIVO-DARA (ND) baseline 3 - 5 -
DARA-ATRA (DA) baseline 8 - 2 -
Durable response group - 8 - 8
NIVO-DARA (ND) baseline — 5 — 1
DARA-ATRA (DA) baseline - 2 - 2
Newly diagnosed - 0 - 5
Daratumumab monotherapy as third line - 1 - 0

HDM, high-dose melphalan; ASCT, autologous stem cell transplantation; NIVO, nivolumab; DARA, daratumumab; ATRA, all trans retinoic acid; VTd,
bortezomib-thalidomide-dexamethasone; VCd, bortezomib-cyclophosphamide-dexamethasone; KTd, carfilzomib-thalidomide-dexamethasone.
Based on the criteria proposed by Sonneveld et al. Blood 2016, high risk cytogenetics is defined by the presence of t(4;14), t(14;16), t(14;20), del
(17/17p), and/or gain(1q). Second part of the table depicts the sample distribution between the different cohorts.
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the limitation in patient numbers, and we designed a machine
learning/validation approach that reduces the risk of overfitting.
Despite positive results in multiple cohorts, suggesting general-
izability of the assay, all patients were treated in one academic
center. Further external validation in samples from universally
treated patients at different centers will increase the clinical util-
ity. In addition, it has yet to be tested whether our method will
yield similar results using different blood tubes than EDTA. If vali-
dated, a single EV-isomiR prognostic test may offer an attractive
alternative for bone-marrow aspirations or biopsies in addition to
(sustained) MRD tests.® Nevertheless, MRD negativity is likely to
remain the gold standard for predicting long-term outcome.
Apart, from the prognostic value for both PFS and OS, EV-isomiR
signatures could be trained selectively to help clinicians decide
whether a given therapy has a high likelihood of success for indi-
vidual patients. A potential future “predictive efficacy score”
based on the isomiR model could inform clinicians how (un)likely
it is that a patient will develop a durable response.

In conclusion, our results suggest that machine learning-
derived pEV-isomiR signatures could enhance therapy selection
and outcome prediction for RRMM patients. Network analysis on
the circulating plasma EV transcriptome may help identify novel
drug targets.
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REAGENT or RESOURCE

SOURCE

IDENTIFIER

Antibodies

H5C6 anti human CD63
JS-81 anti human CD81

BD biosciences
BD biosciences

Cat#556019; Mouse; RRID:AB_396297
Cat#555675; Mouse; RRID:AB_396028

D2V7J anti human Flotillin 1 Cell Signaling Cat#18634; Rabbit; RRID:AB_2773040
Anti human Syntenin Abcam Cat#ab19903; Rabbit; RRID:AB_445200
Anti human Calnexin Merck Cat#AB2301; Rabbit; RRID:AB_10948000
HRP-conjugated anti-rabbit IgG Cell Signaling Cat#7074S; Goat; RRID:AB_2099233
Anti-mouse IgG DAKO Cat#P0260; Rabbit; RRID:AB_2636929
Deposited data

miRNA-seq Multiple Myeloma patients and SRA PRJNA1183899

Healthy donors sequenced sequenced with
IsoSeek protocol, data generated for this paper

Total RNA-seq Multiple Myeloma patients SRA PRJNA1183899
and healthy donors, data generated for this paper

Software and algorithms

Models described in the manuscript Zenodo https://doi.org/10.5281/zenodo.15319148
https://doi.org/10.1038/s41587-019-0114-2

I1zon Control Suite software Version 1.0.2.32

Bulk RNAseq deconvolution CibersortX
Particle measurement

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Clinical plasma samples processing and legislation

Blood samples for optimizing the library preparation protocol were collected in EDTA plasma collection tubes (BD Vacutainer) and
processed within two hours of collection. Platelet-free plasma was isolated by sequential centrifugation for 7 min at 900g and 10 min
at 2500g at room temperature. Plasma was stored in 1 mL aliquots at —80°C until further use. Freeze-thaw cycles were avoided.
Samples were collected through biobanking.

Blood from patients with MM was collected following the same procedure. EDTA plasma was stored in 1 mL aliquots at —80°C until
further use, and freeze-thaw cycles were avoided. RRMM samples were obtained from patients who participated in the NIVO-DARA
trial, DARA-ATRA trials, or from prospective and retrospectively collected biobank samples, all of which were approved by the ethics
committees of the participating institutions and were conducted in accordance with the Declaration of Helsinki and Good Clinical
Practice guidelines. All patients provided written informed consent for the collection and use of their samples for research purposes.

In the case of the two AMC B cell malignancies biobank samples, plasma isolation was performed using the following protocol:
Platelet-free plasma was isolated by sequential centrifugation for 10 min at 2500 rpm and 10 min at 13200 rpm at room temperature.
Plasma was stored in 2 mL aliquots at —80°C until further use. Freeze-thaw cycles were avoided. Samples were processed within
four hours of blood-draw.

Age- and gender-matched healthy donor samples were collected from Stibion biobank at two different locations, and processed
within 4 h of blood-draw following the same protocol.

A summary of all samples included in the study can be found in Table 1.

METHOD DETAILS

Definitions of the clinical sample groups
Samples were categorized by the presence or absence of active MM. Active disease was defined as either untreated, newly diag-
nosed MM, or the development of PD or refractory disease following the initiation of treatment. Response to treatment was defined as
either PR, very good partial response, or complete response, according to the IMWG criteria.**

For the pre-treatment response prediction model (Figure 5), samples collected at the start of treatment were analyzed, with re-
sponses evaluated at the 6-month mark. Patients who had a PR or better at 6 months were included in the durable response group,
while the remaining patients were classified as non-responder i.e., early relapsed/refractory.
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Plasma extracellular vesicle isolation

Plasma extracellular vesicles (pEVs) from MM patients and healthy donors were isolated via an automated SEC procedure (AFC Izon
Science Limited), using a gEVoriginal 70 nm column. Briefly, 0.5 mL of PBS was added to 1 mL of plasma. The total loaded volume on
the column was 1.5 mL. On a gEV original 70 nm column (SP1-EUR, IZON), using a buffer volume of 2.85 mL, the particles of interest
were collected in fractions 3 and 4 both of 0.5 mL (between 1 and 2 mL of the Purified Collection Volume). Details on this quality-
controlled EV isolation procedure were described previously. '

Western blot

Plasma EVs were concentrated using Amicon Ultra 2 mL 10K centrifugal filters (UFC201024; Merck), run on a 4-15% Mini-PROTEAN
TGX gel (4561084; Bio-Rad) and blotted on a nitrocellulose membrane. For the detection of CD63 and CD81 SDS-PAGE was per-
formed under non-reducing conditions. Membranes were probed with antibodies against CD63 (mouse; H5C6; 556019; BD),
CDB81 (mouse; JS-81; 555675; BD), Flotillin 1 (rabbit; D2V7J; 18634; Cell Signaling), Syntenin (rabbit; ab19903, Abcam) and Calnexin
(rabbit; AB2301; Merck), followed by secondary antibodies HRP-conjugated anti-Rabbit IgG (goat; 7074S; Cell Signaling) and anti-
Mouse IgG (rabbit; P0260; DAKO). Protein expression was visualized using ECL substrate (32209; Pierce) and a ChemiDoc MP Im-
aging System (Bio-Rad).

Transmission Electron microscopy

EV fractions were spotted on freshly glow-discharged carbon/formvar-coated mesh grids. After blotting off the excess liquid, the
samples were contrasted by 2% uranyl acetate (Polysciences Inc, Cat No 21447-25) in water for 1 min. The excess stain was blotted
off and grids were airdried. Vesicular structures were imaged in a 60 kV JEOL1010 (JEOL) Transmission Electron microscopy (TEM) at
60000x magnification using a 4k x 2.6k pixel CCD side-mounted camera (Modera, EMsis GmbH).

Particle measurement

To determine the EV size distribution and concentration, samples were measured on an Exoid (Izon Science Limited) using a NP150
nanopore. Samples were diluted in electrolyte buffer and measured at 3 different pressures. Concentration and particle size were
determined using calibration beads of a known size, and concentrations were measured at the identical settings as the samples.
Data were analyzed using the Izon Control Suite software (version 1.0.2.32).

RNA isolation and quality control

RNA from pEVs was isolated using the miRNeasy serum/plasma kit (QIAgen) according to the manufacturer’s protocol. Briefly, RNA
from bulk plasma EV fractions was isolated using 1 miRNeasy spin column and RNA was eluted in 14 pL nuclease-free water. To deter-
mine the quality of the EV-RNA we determined the presence of several amplifiable miRNAs with a QC-qPCR as described previously. '
Total RNA from cell lines was isolated using TRIzol reagent (Thermo Fisher Scientific) according to the manufacturers’ protocol.

Small RNA library preparation and sequencing

IsoSeek was used to prepare small RNA libraries from pEVs as previously described.'® Briefly, 4 pL of pEVs RNA was used as input
and 5N-adapters and RT-primers were diluted 1:50 (5'-5N-adapter 225 nM, 3’-5N-adapter 100 nM, RT-primer 1:50). For the optimi-
zation of the workflow, libraries were prepared using the commercial NEBNext Multiplex Small RNA Library Prep Kit for lllumina. The
adapters and RT-primer were diluted 1:10 (5’-adapter 1.13 uM, 3'-adapter 0.5 pM, RT-primer 1:10). Libraries were quantified using a
KAPA PCR Quantification Kit (Roche, Cat. no 07960298001) and libraries were pooled in equimolar amounts (1.5-2 nM). Sequencing
was performed on a NovaSeq6000 platform, PE50 (Healthy donor and patients with MM samples) or SE50 on a HiSeg4000 platform
for the optimization samples.

For technical validation samples were re-sequenced on a MiSeq platform, PE50 (1.5 nM).

Total RNA library preparation and sequencing

Total RNA libraries were prepared using the SMARTer Stranded Total RNA-Seq Kit v3 - Pico Input Mammalian (Takara Bio Inc.) ac-
cording to the manufacturers’ protocol, including ribosomal cDNA depletion. 8 uL of pEVs RNA was used as input, followed by a mild
fragmentation step of 3 min at 94°C. For the first PCR, samples were subjected to 5 rounds of amplification, the final RNA-seq library
amplification PCR consisted of 16 PCR cycles. Sequencing was performed on a NovaSeq6000 platform, PE150.

QUANTIFICATION AND STATISTICAL ANALYSIS

Processing of sequencing data and microRNA profiling

Pre-processing, mapping of adapter trimmed reads and isomiR classification were performed using the latest version of sSRNAbench
command line tool.*> Default parameters were used for all analysis steps after pre-processing and MirGeneDB 2.1%° was used as
miRNA reference. Quality control of samples was carried out using mirnaQC*” to rule out technical differences between libraries.
RPM normalized against the miRNA library were used as input for the subsequent analysis (RPMIib). IsomiR classification was per-
formed as previously described.'”*° Outlier analysis was computed by means of PCA (Figure S1C, outliers highlighted in red circle).
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Four healthy control samples were excluded based on this analysis. Batch effect correction was performed in the validation sets us-
ing ComBat-seq R package.*®

Processing and analysis of total RNA sequencing data

Total RNA sequencing data analysis was carried out using Cutadapt v4.5*° for adapter trimming, FastQC®° for quality control, Umi
tools v1.1.2°" to perform UMI correction of the reads and STAR®” to align to the reference transcriptome (GRCh38.p14) as previously
described.*® NormSeq®' was used to normalize the raw counts.

IsoSeek performance evaluation on plasma extracellular vesicle samples

To assess the robustness of IsoSeek in small RNA profiling in plasma EV samples, we compared its performance with the commercial
NEBNext protocol. IsoSeek detected a greater number of miRNAs across all abundance ranges (Figure S2A) and 15,000 isomiRs in
each plasma EV sample, with 1,000 isomiRs at least 10 read counts per million (RPM). This is significantly higher than what we ob-
tained with NEBNext (3,000 isomiRs per sample and <500 surpassing the 10 RPM threshold, see Figure S2B).

Detecting miRNAs from low input samples with small RNAseq requires sufficient amplification rounds to achieve an optimal library
yield increasing a risk for introducing amplification bias.'® We applied IsoSeek that corrects for amplification- and adapter-ligation
bias enhancing detection accuracy of synthetic miRNAs and isomiRs."”"'® While comparison of pEVs miRNA detection with and
without UMI correction revealed a small effect on classic miRNA detection (Figure S2C), UMI correction has to the profound effect
on isomiR detection in pEVs (Figure S2D). Additionally, differences in normalized miRNA reads between technical replicates of a sin-
gle pEV sample were reduced after UMI correction (Figure S2H). Moreover, IsoSeek provides a gradual increase in accumulative
reads, particularly for isomiRs (Figure S2E), indicating improved accuracy in capturing actual miRNA/isomiR sequence distribution
in plasma EVs samples. Therefore, for clinical samples with low RNA input, such as plasma EVs, IsoSeek may mitigate biased detec-
tion and quantification of isomiRs.

Analysis of NTA subclasses revealed that IsoSeek detected increased levels of NTA-U and only very low levels of NTA-C as
compared to NEBNext (Figure S2I), consistent with previous findings.'” This aligns with NTA-C representing an enigmatic isomiR
class with unknown biological relevance. We thus focused on the level of uridylation (NTA-U) and adenylation (NTA-A) for each in-
dividual miRNA, as these modifications are known to deviate from the canonical targetome of the mature miRNA sequence.** Sig-
nificant differences between IsoSeek and the conventional protocol were observed when taking the modifications into account
(Figures S2F and S2G).

Statistical modeling

Each classifier model was built using the miRNA RPMIib matrix (normalized against the miRNA library size per sample) of all the sam-
ples as input data. Two different possible input miRNAs matrices were used, classic miRNA annotation (not taking into account iso-
miR information), and canonical miRNAs + NTA-U/A isomiRs (isomiR annotation). In each case, a cut-off of 10 RPM per miRNA in at
least the number of samples of the smaller group was applied. The R-package gimnet was used to compute the lasso (logistic regres-
sion and penalization/shrinkage of the parameters) penalized regression models.*® In each model, data were split into train (2/3 of the
samples) and validation (1/3 of the samples) sets. Each model was built in the training set using a 6-fold cross-validated approach (cv.
glmnet). Finally, each model was tested in the validation data and also in the external validation cohorts and the test ROCs of the
different models were computed using the pROC R-package.®® Cl-Interval was calculated with 1000-fold bootstrapping.

MicroRNA target network analysis

MiRNA target network analysis was performed using miRTargetLink 2.0°” using the miRNAs in each different model as input. Targe-
tome of NTA-U isomiRs (conserved TUMR targets) was obtained as previously described.** Network visualization was performed
with Cytoscape v3.10.2.

Survival analysis
PFS and OS were plotted using the Kaplan-Meier method. Survival analyses were conducted using the Cox proportional hazards
regression analysis.

Deconvolution analysis
Deconvolution analysis was done using CIBERSORTx® software using LM22 single-cell sequencing reference, and default parameters.

ADDITIONAL RESOURCES

The Biolymph study was registered in the Dutch CCMO-register as NL60245.029.17: https://toetsingonline.nl.

The DARA-ATRA and NIVO-DARA studies were registered as NCT02751255 and NCT03184194, respectively: https://www.
ClinicalTrials.gov.

The AMC B cell malignancies biobank samples are registered with the local Medical Ethics testing committee under number METC
2013_159.
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